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PUBLIC INTEREST STATEMENT
Recently, both academics and practitioners have started to embrace the idea of behavioral biases of investors (investor sentiments) and their impacts on pricing of the assets. However, it is really difficult to capture and measure the variety of sentiments that matters to investors. Researchers have started to construct a laundry of such measures using both qualitative and quantitative methods. This study using Google Search Volume Index and Chicago Board Options Exchange's Volatility Index as proxies of the pessimistic sentiment indices compares in both explaining broader market (S&P 500) returns and question whether such a relation is symmetric or asymmetric using autoregressive models. Findings suggest that volatility index as a better representative of investor sentiments that Google Search-based indices, and it has a symmetric relationship with the S&P 500 market index, which is contrary to prior literature. behavior). Classical theories suggest that there exists a competition among rational investors in the market that leads the security prices to the fundamental values which is actually the discounted value of expected cash flows. If there is any kind of irrational behavior because of the noise traders, then arbitragers' activities pull the prices back to the equilibrium level. But the arbitrage is not as easy as theoretically stated. There are many limits to arbitrage making some stocks costly to arbitrage. Further, it is stated by Shleifer and Vishny (1997) that arbitrage becomes ineffective when prices are far away from fundamental values. De Long, Shleifer, Summers, and Waldmann (1990) incorporate the role of investor sentiments in financial market.
Short-term movements in asset prices can be better explained by investor sentiment other than any fundamental factor (Baek, Bandopadhyaya, & Du, 2005) . Numerous studies use the investor sentiment to understand the change in asset prices. Previous studies use the direct as well as the indirect measures of investor sentiments. Direct measures are based on the surveys like AAII (American Association of Individual Investors survey), Investors Intelligence Survey, Consumer Confidence Survey, Google Search Volume Indices, and many more. While indirect measures use the financial or economic variables as the proxy for investor sentiments like put-call ratio, trading volume, Baker and Wurgler Index, and many more.
Different researchers use the different proxies for measuring the sentiments. As put-call ratio is used by Dennis and Mayhew (2002) , Barron's Confidence Index is used by Lashgari (2000) ; Net Cash Flow into Mutual Funds is used by Randall, Suk, and Tully (2003) ; Risk Appetite Index (RAI) is used by Kumar and Persaud (2002) ; Issuance Percentage is used by Baker and Wurgler (2006) , while Whaley (2000) uses the Volatility Index (VIX-Investor Fear Gauge); Klemola, Nikkinen, and Peltomäki (2016) employ the Google Search Volume Index (GSVI) and Bull-Bear Spread from American Association of Individual Investors data, and Brown and Cliff (2005) also use the Bull-Bear Spread and the Investors Intelligence Survey to measure the investor sentiment. However, this study tries to compare an investor-specific measure (VIX) and a generalized GSVI measure of pessimistic sentiments (i.e., market crash and bear market) in terms of stock market return predictability. Beside this, we also test which one of these better conveys investor sentiments.
The purpose of this study is to make use of investors' pessimistic sentiments through Google Trends Volume to predict the future stock market returns by employing the Ordinary Least Square Approach and later vector auto-regression is applied to confirm the results. Klemola et al. (2016) find the significant relationship between Google Search Volume data and future S&P 500 returns. But now, the Google has changed its methodology of calculating Google Search Volume Trend data. This study suggests that whether the Google's new methodology of collecting trend data is still worthwhile to predict the near-term future returns.
Another measure of investor sentiment, VIX (Investor Fear Gauge), is considered as the world's premier barometer of investor sentiment by Chicago Board Options Exchange (CBOE). It is used by Dash and Moran (2005) as an investor sentiment's broad signal for returns of hedge funds. VIX is also considered as a confrontational tool for market timing (see Bittman, 2007; McEwan, 2004) . Furthermore, the Wall Street Journal reports on VIX movements regularly (see, e.g., Ball 2007; Ovide 2008) . One more contribution to the literature on investor sentiment as Fisher and Statman (2000) , Klemola et al. (2016) , Otoo (1999) , and Solt and Statman (1988) by using the GSVI and to Durand, Lim, and Zumwalt (2011) and Whaley (2000) by employing the VIX as a tool to gauge the pessimistic investor sentiment. As VIX measures the volatility incorporating the investor perception about volatility in market. So, we compare the Google Search Volume Index (GSVI) and VIX (Investor Fear Gauge Index) to determine which of the indices better capture the other. This attempt provides the ideal measure for academia and practitioners who study market behavior.
Furthermore, Durand et al. (2011) depict that "Changes in the VIX drive variations in the expected returns of the factors included in the Fama and French three-factor model augment with a momentum factor." Furthermore, the relationship between VIX and portfolio market returns is studied by Banerjee, Doran, and Peterson (2007) . Fleming, Ostdiek, and Whaley (1995) find the evidence of large negative contemporaneous relation with significant asymmetry between changes in CBOE old VIX (now named as VXO) and stock index returns. Giot (2005) also reports the asymmetric return with respect to S&P 100 returns and depicts that negative stock index returns are more associated than positive returns with greater changes in VIX. This asymmetric relation is found to be stronger in S&P 100 when make compared to Nasdaq 100. This leads us to find the symmetric/asymmetric relationship between VIX and S&P 500 returns.
The results find the symmetric relation of VIX with the stock market returns. Further, VIX is proved as the possible predictor of S&P returns more robust than GSVIs. Additionally, VIX also granger causes the GSVIs more strongly than otherwise. These results are also confirmed by vector autoregressive models. This paper is providing the evidence of negative significant linear relationship between investors' fear gauge and S&P 500 returns.
The paper is organized as follows: Section 2 provides the data and methodology. Section 3 provides the results, and Section 4 concludes the study.
Data and methodology
We use weekly data from 1 January 2004 to 31 December 2015. The data on VIX are taken from CBOE (Chicago Board Options Exchange). Data for opening prices and volume of S&P 500 are obtained from Yahoo Finance, and GSVI data are obtained from Google Trends.
For GSVI, two different terms are being used: "Market Crash" and "Bear Market." Google has changed its methodology of trend data. Previously, it is, how many searches have been done for a specific search term on a Google Web search on that specific week, relative to the total number of searches done for the same specific search term on Google Web search over time. In the relative mode, the data are scaled by Google to the average traffic for the specific search term during the time period selected (Klemola et al., 2016) . Now, volume trends' data results are proportionate to the time and location of a query.
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To test the possible relationships between variables, weekly logarithmic change of S&P 500 weekly opening prices, weekly logarithmic change of the volume of S&P 500 returns, ∆VIX, and ∆GSVI are calculated. ∆GSVI is calculated as change in Google Search Volume as the ratio of last three weeks' average. Table 1 reports the descriptive statistics of the data. The mean of the main dependent variable S&P 500 returns is 0.0012 with the standard deviation of 2.38% which indicates relatively small variation as compared to S&P 500 volume with the standard deviation of 7.25%. S&P 500 returns and its volume are negatively skewed. Table 1 also shows that VIX has highest standard deviation among all investors' pessimistic sentiment indices taken in this study. Google indices (Market crash ad Bear market) are negatively skewed and VIX is positively skewed. Table 2 shows the correlation between the variables taken in this study. VIX and Google indices are significantly positively correlated to each other. Sentiment indices (VIX and Google indices) are significantly positively correlated with the volume of S&P 500. The highest significant correlation is 0.304879 (significant at 1%) between Market Crash and change in S&P 500 volume. While with the S&P 500 returns, VIX and Marker Bear are negatively correlated, and Market crash is positively correlated. Furthermore, the possible relation between sentiment indices and S&P 500 returns is explained in Sections 2.1-2.3.
VIX and S&P-500
The relationship between VIX and portfolio market returns is studied by Banerjee et al. (2007) . Fleming et al. (1995) find the evidence of large negative contemporaneous relation with significant asymmetry between changes in CBOE old VIX (now named as VXO) and stock index returns. Giot (2005) also finds the asymmetric returns with respect to S&P 100 index and depicts that negative stock index returns are more associated than positive returns with greater changes in VIX. This asymmetric relation is found to be stronger in S&P 100 when compared to Nasdaq 100. This leads us to our following hypothesis; H1: VIX has asymmetric relationship with S&P 500 returns.
Recently, Shin, Yu, and Greenwood-Nimmo (2014) advance a nonlinear ARDL co-integration approach (NARDL) as an asymmetric extension to the well-known ARDL model of Pesaran and Shin (1998) and Pesaran, Shin, and Smith (2001) , to capture both long-run and short-run asymmetries in a variable of interest. We adopt this modeling approach for our purpose of confirming the possible direction of the relationship of VIX to the S&P 500 returns.
In its traditional form, the linear ECM (error correction model) specification without asymmetry in short-and long-run dynamics takes the following form;
Here, SP is S&P 500 returns, and VIX is investors' fear gauge. ΔSP t defines the weekly logarithmic change of S&P 500 returns at level; SP t−1 is first lag of S&P 500 returns; VIX t-1 is first lag of VIX; ΔSP t−i defines the weekly first difference for S&P 500 opening prices with the lags up to lag i; ΔVIX t−i defines the weekly first difference for VIX with the lag up to lag i; μ is intercept of equation; and ρ sp , ρ vix , α i , and (1) Even though the model in Equation (1) enables the investigation of the short-and long-run relationships between variables, it becomes impertinent when these relationships are nonlinear and/or asymmetric, which is the case for investors' fear gauge and stock market returns as we point out in the introduction. That is why a nonlinear and asymmetric ECM is of great interest. We thus adopt the co-integrating NARDL model of Shin et al. (2014) that allows for short-and long-run asymmetries.
This model uses the decomposition of the independent variable VIX in VIX + and VIX − as the partial sum of positive and negative changes in VIX to incorporate the short-run and long-run asymmetries in model. As When the asymmetries in the short-and long-run dynamics are introduced into the standard ECM, Shin, Yu, and Greenwood-Nimmo (2014) showed that Equation (1) is extended to obtain a more general co-integration model as follows;
The superscripts (+) and (−) are decomposition in positive and negative changes as defined above, (2) reduces to the traditional ECM if both null hypotheses of short-run and long-run symmetries are not rejected. The non-rejection of either the long-run symmetry or the short-run symmetry will yield the co-integrating NARDL model with short-run asymmetry in Equation (3) and with long-run asymmetry in Equation (4), respectively.
Here, the + i and − i captures the short-run asymmetry, mentioned in Equation (3), and
captures the long-run asymmetry mentioned in Equation (4).
Pessimistic investor sentiments and S&P 500
Many studies find the statistically significant relationship between investor sentiment and future stock market returns (see, e.g., Brown & Cliff, 2005; Fisher & Statman, 2000 . Another study Klemola et al. (2016) finds the relationship between GSVI and future near-term market returns taking S&P stock volume as control variable, and Whaley (2000) finds the negative relationship between VIX and stock market returns but our study focuses on two different proxies (GNSVI and VIX) for investor sentiment to measure the future stock market returns to check which one of the indices better forecasts the stock market returns. This leads to the following hypothesis to address the first objective of the study.
H2:
Investors' pessimistic sentiments forecast the future stock market returns.
To test possible relationship between ∆GSVI, ∆VIX, and future S&P 500 returns as proposed in H2, we use following Ordinary Least Squares (OLS) models:
Here, ΔS&P t shows the weekly logarithmic change of the S&P 500 weekly opening prices, ΔVOL t−1 defines the weekly logarithmic change for volume of S&P 500 returns with lag of one week, ΔGSVI t−1 defines the first difference for GSVI with a lag of one week, and ΔVIX t−1 defines the weekly difference of investor fear gauge with a lag of one week. β 0 is intercept, and e t is error term; β 1 , β 2 , and β 3 are slope coefficients of each equation separately.
Moreover, this study also uses vector auto-regression (VAR) analysis to analyze possible erogeneity of GSVI as the possible predictor of S&P 500 returns. We use the following VAR model:
Here, ΔS&P t−s defines the weekly logarithmic change of S&P 500 opening prices with different weekly lags; ΔIndex t−i defines the weekly first differences of VIX and Google indices with different weekly lags; ΔVIX t−i defines the weekly first difference of VIX with different weekly lags; ΔGSVI t−i defines the first difference of GSVI with different weekly lags; and ΔVOL t−v defines the weekly logarithmic change for weekly S&P 500 volume with different weekly lags. Equation (6) defines the general VAR models. Here, four lags are considered for the estimation of VAR. β 0 is intercept, and βi and βv are slope coefficients. Results are reported in Table 4 .
VIX and GSVI
Another purpose of this study is to compare the indices; GSVI and VIX to check which one of the indices better captures the market pessimistic sentiments. To our understanding, the GSVI takes into account the sentiments of participants who are not necessarily investing in the stock markets. This group of participants includes both real investors and people who just want to know market trends. Whereas, VIX specifically taken into account the views and sentiments of actual investors. This leads to our next hypothesis:
H3: The Google sentiment indices can better capture sentiments than VIX.
The possible relationship between VIX and GSVI is tested by applying the VAR model and Granger Causality. The estimated VAR models with the lags of four weeks are; (5a)
Here, ΔVIX t−i defines the weekly first difference for VIX with the lag up to four week, and ΔGSVI t−i defines the first difference for GSVI with the lags up to four weeks. β 0 is intercept; βi and βv are slope coefficients; and e t is error term.
Additionally, redundancy is checked among investors' pessimistic attention proxies. Time series regression of ∆VIX and ∆GSVI (∆Crash and ∆Bear) is performed as Here, ∝ is intercept; β, β 1 , and β 2 are slope coefficients; and ɛ it is error term. If ∆VIX captures the change in Google indices, then the ∝ should be equal to zero or negative otherwise. Same apply to the Equations (10) and (11).
Results
The results of Augmented Dickey-Fuller (ADF) test and Phillips-Perron (PP) test are shown in Table A1 (see Appendix A). In the test equations, we use the intercept term only. The results of both tests show that variables are stationary at level. Accordingly, we estimate Equations (1-4), and the maximum lag order considered is 1 as per the SC and HQ criteria (see Table A2 in Appendix A). The Johansen co-integration test indicates co-integration between the VIX and S&P 500 returns. Results are shown in Table A3 (see Appendix A). These lead us to next step of ARDL and NARDL estimation. Specification models are estimated using the Equations (8-11). The obtained results are reported in Table 3 . Wald tests are then conducted to examine the hypotheses of short-run and long-run symmetries. Wald test shows that long-run and short-run symmetries cannot be rejected for the relationship of VIX and S&P 500 returns.
In short, addressing the H1, it is concluded that investor fear gauge has significant symmetric relationship with stock market return. As the null hypothesis is the existence of asymmetric relation, so we reject the null hypothesis. On the basis of this symmetry, we proceed to our next hypotheses results. Table 4 reports the regression estimates of OLS model (Equation 1) taking the S&P 500 returns as dependent variable and S&P stock volume as a control variable. Addressing the hypothesis H2, the results report that both proxies of pessimistic investor sentiments negatively predict the future S&P 500 returns. Estimated coefficients of both terms of GSVI are negative in sign but only "Market Bear" significantly predicts the S&P 500 returns with the p-value < 0.01. Table 3 provides evidence that VIX is more prominent predictor of S&P returns as compared to GSVIs. Furthermore, volume as control variable has significant relationship in both regression models. Additionally, adjusted R-square values are also reported in Table 4 .
Results given in Table 5 show that for the Google Search Volume Index (Bear Market), different lags of change in Bear have a negative relationship with future S&P 500 returns supporting the H1. The change in Bear with the lag of one week has the largest estimated coefficient with the t-statistics of −3.56. Additionally, different lags of S&P 500 returns have positive relationship with change in Bear Market. The S&P 500 returns with the lag of one week has the largest estimated coefficient. Table 3 . Estimation of symmetric and asymmetric relationship between VIX and S&P500 returns
Notes: This table reports the symmetric/asymmetric relationship between VIX and S&P 500 returns. Further asymmetric relationship is expended into three models, one with long-run asymmetry, one with short-run asymmetry, and other with both long-run and short-run asymmetries. Estimated models are given as; *Coefficient significance level of 10%. **Coefficient significance level of 5%. ***Coefficient significance level of 1%.
(1) t-statistics ranges from 1.90 to 2.72. The S&P 500 returns with the lag of one week has the largest estimated coefficient. For the investor's fear gauge index (VIX), different lags of change in Crash have a negative relationship with future S&P 500 returns. The change in VIX with the lag of four weeks has the largest estimated coefficient with the t-statistics of −10.884. The S&P 500 returns with the lag of one week has the largest estimated coefficient (see Table 5 ).
Addressing the H2, the results report that both proxies of pessimistic investor sentiments negatively predict the future S&P 500 returns. Negative relation shows that investors expect bad returns after the good returns. Results depict the VIX as the more prominent predictor of S&P 500 returns as compared to GSVIs. So, we suggest that proxies for pessimistic investor sentiments convey information about predictability of stock returns but do not fully reflect the investor sentiments. However, these findings suggest that investors who are not aware of the complex decision-making procedure of investment, may use the proxies (GSVI and VIX) to make optimal decisions. As data for GSVI and VIX are easy accessible to investors. Table 6 reports the results of VAR. Results show that GSVIs contain some information to explain the investors' fear gauge index, VIX with different weekly lags. For the investors' fear gauge, different lags of change in VIX have a significant negative relationship with the change in Bear Market up to lags of three weeks. The change in VIX with the lag of third week has the largest estimated coefficient with the t-statistics of −3.04. Additionally, different lags of change in Bear Market have positive relationship with change in VIX. The change in Bear Market with the lag of one week has the largest estimated coefficient with the t-statistics of 2.42 (see Table 6 ).
For the investors' fear gauge, different lags of change in VIX have a significant negative relationship with the change in Market Crash. For different lags of change in VIX, the t-statistics ranges from −2.76 to −4.13. The change in VIX with the lag of third week has the largest estimated coefficient. Additionally, different lags of change in Market Crash have positive relationship with change in VIX. The change in Market Crash with the lag of fourth week has the largest estimated coefficient with the t-statistics of 2.79 (see Table 6 ).
The Granger causality test is also being used to explain which of one the indices (VIX and GSVI) captures the other. Granger causality test is applied to explain the causality of variation in one variable because of other variable one by one. As Granger (1969) demonstrates the causality of Table 4 reports the Ordinary Least Square for Equation (1) given as;
Here ΔS&P t shows the weekly logarithmic change of the S&P 500 weekly opening prices, ΔVOL t−1 defines the weekly logarithmic change for volume of S&P 500 returns with lag of one week, ΔGSVI t−1 defines the first difference for GSVI. (5a) Table 5 .
VAR estimation results
Notes: Table 5 reports the vector auto-regression results of Equation (6) (6) variations of X factor by Y factor and vice versa by the GC test. Table 7 reports the results of Granger causality (GC) test. This test will explain either any of the indices; Google Negative Search Volume Index and VIX Index could cause the other one and otherwise (Table 7) .
Results suggest that change in VIX contains information that helps to forecast the Market Crash and Bear Market, and Google sentiment indices (Market crash and Bear market) also contain some information to explain the change in VIX. This can be summarized as change in VIX granger causes the GSVI and otherwise also. Furthermore, Table 8 shows the results of time series regression. Insignificant intercept with absolute value of approximately zero and significant βs shows that VIX is being explained by the pessimistic investors' attention toward market. On the other hand, results of model 5b show that VIX is fully capturing one of the Google indices that is Market Crash.
Addressing the H3, results in Table 8 show that change in VIX contains information that helps to explain the Market Crash and Bear Market, and Google sentiment indices (Market crash and Bear market) also contain some information to explain the change in VIX. But VIX is fully capturing one of the Google indices that is Market Crash. These findings suggest the investor fear gauge (VIX) as more robust measure of investor sentiment for academia and practitioners who study market behavior.
Further, money managers may also be able to use these new insights to pull their long-term and short-term investing strategies. Using VIX (an indirect measure) and GSVI (a direct measure) as investor sentiment can definitely help individual investors to make optimal decisions that when to invest and where to invest. It could be interpreted as when investors are pessimistic, the stock return tends to go down. Likewise, when investors are optimistic, stock returns tend to go up. This phenomenon helps investors to take optimal decision regarding investing their money. As optimal decisionmaking must intake investor sentiments along with the fundamental factors. Table 6 . VAR results of VIX and GSVI Notes: Table 6 shows the vector auto-regression results of following equations:
Here ∆VIX t defines the daily first difference for VIX with the lag of one week and ∆GSVI t defines the first difference for GSVI with the lag of one week. Additionally, in classical finance theory, investor sentiments do not play any role in determining stock prices and stock returns. This study takes investor sentiments into account and depicts that sentiments have significant effect on stock prices, thus asset pricing models augmented with sentiments-based factors would result in better pricing of assets in the markets.
Conclusion
This study employs investors' pessimistic sentiments through Google Trends Volume and VIX to predict the S&P 500 returns. To check the symmetric/asymmetric relationship of VIX with stock returns, this study employs models like ARDL, NARDL with only long-run asymmetry, NARDL with only short-run asymmetry, and NARDL with both long-run and short-run asymmetries. Contrary to existing evidence, we find that VIX has significant symmetric relationship with S&P 500 returns.
Further, we find that investors' pessimistic sentiment proxies (Google indices and VIX) predict the future S&P 500 returns; however, VIX shows more robust return predictability than Google indices. Although Google has changed its methodology for providing search term volume data, the shifts in bear and crash market indices have still able to predict the S&P 500 returns. It suggests that Google Search Volume data can be further used for estimating or predicting the stock market movements. These findings may be explained as, because of the pessimistic sentiments, investor turn to expect negative stock returns after good returns and otherwise. That's the reason the relationship between pessimistic investor sentiment and stock returns is negative. 
